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Abstract
The long-term persistence of forest ecosystems hinges on their 
resilience to ongoing disturbance. Quantification of resilience in these 
valuable ecosystems remains difficult due to their vast extent and the 
longevity of forest species. Resilience to wildfire may arise from 
feedback between fire behavior and vegetation structure. Regular fire 
generates structural variability which may then enable forests to 
withstand future fires and retain their fundamental properties and 
functions– a hallmark of a resilient system. A century of fire 
suppression in the western United States has homogenized the 
structure of many forests, potentially upsetting these feedbacks and 
compromising forest resilience. We investigate the generality and 
scale of the effect of structural variability on wildfire behavior in yellow
pine/mixed-conifer forest of California’s Sierra Nevada using cloud 
computing and texture analysis of a 33-year time series of satellite 
imagery. We measure wildfire response to forest structure for an 
unprecedented number and size range of wildfires, ensuring broad 
representation of fire effects to this forest type. We find that greater 
structural variability is strongly associated with a lower probability of 
fire-induced overstory tree mortality. This resistance to wildfire was 
most apparent at the smallest spatial extent of forest structure tested 
(90m x 90m). Local-scale structural variability thus links past and 
future fire behavior, and makes forests more resilient to wildfire 
disturbance. Management strategies that increase vegetation 
structural variability, such as allowing fires to burn under moderate 
fuel and weather conditions, may therefore increase the probability of 
long-term forest persistence.
Significance
A “resilient” forest endures disturbance and is likely to persist. 
Resilience to wildfire may derive from variability in vegetation 
structure, which interrupts fuel continuity and prevents fire from killing
overstory trees. Testing the generality and scale of this phenomenon is
challenging because forests are vast, long-lived ecosystems. We 
develop a novel approach to consistently quantify forest structural 
variability and fire severity across >30 years and nearly 1,000 wildfires
in California’s Sierra Nevada. We find that greater small-scale 
structural variability increases resilience by reducing rates of fire-
induced tree mortality. Resilience of these forests is likely 
compromised by structural homogenization from a century of fire 
suppression, but may be restored with management that increases 
structural variability of vegetation.
Introduction
Forests are essential components of the biosphere, and ensuring their 
persistence is of high management priority given their large carbon 
stores and other valued ecosystem services (1–4). Modern forests are 
subject to disturbances that are increasingly frequent, intense, and 
entangled with human society, which may compromise their resilience 
and their ability to persist (3, 5, 6). A resilient forest can absorb 
disturbances and may reorganize, but is unlikely to transition to an 
alternate vegetation type (7–10). Resilience can arise when 
interactions amongst heterogeneous elements within a system create 
stabilizing negative feedbacks, or interrupt positive feedbacks that 
would otherwise cause critical transitions (10, 11). Heterogeneity at a 
variety of scales of organization can generate system resilience, 
including genetic diversity (12–14), species diversity (15–17), 
functional diversity (18), topoclimatic complexity (19, 20), and 
temporal environmental variation (21). Forest resilience mechanisms 
are fundamentally difficult to quantify because forests comprise long-
lived species, span large geographic extents, and are affected by 
disturbances at a broad range of spatial scales (10, 22). It is therefore 
critical, but challenging, to understand the system-wide mechanisms 
underlying forest resilience and the extent to which humans have the 
capacity to influence them.
Wildfire severity describes a fire’s effect on vegetation (23), and high-
severity fire can be a precursor to state transitions in dry coniferous 
forests (24, 25). High-severity fire, in which all or nearly all overstory 
vegetation is killed, is an atypical component of the fire regime to 
which dry coniferous forest species have adapted, and can lead to 
forest regeneration failure as shrubs outcompete conifer seedlings and 
make future high-severity wildfire more likely (26, 27). Many dry 
western U.S. forests are experiencing “unhealthy” conditions which 
leaves them prone to catastrophic shifts in ecosystem type (3). First, 
warmer temperatures coupled with recurrent drought (i.e., “hotter 
droughts”) exacerbate water stress on trees (3, 28, 29), which creates 
climate conditions more suitable for high-intensity fire (30, 31) and less
suitable for post-fire conifer establishment (25). Second, a century of 
fire suppression has drastically increased forest density and structural 
connectivity (32), which favors modern wildfires with large, contiguous 
patches of tree mortality whose interiors are far from potential seed 
sources (24, 32–34). Dry forest regeneration is especially imperiled 
after high-severity fire when post-fire climate conditions are 
suboptimal for conifer seedling establishment and when potential seed 
sources are distant (25, 35, 36). Thus, the presence of negative 
feedbacks between high-severity fire and forest characteristics may 
represent a fundamental resilience mechanism of dry coniferous 
forests, but anthropogenic climate and management impacts are liable
to upset those stabilizing feedbacks.
An emerging paradigm in forest ecology is that resilience to 
disturbances such as wildfire may derive from heterogeneity in the 
structure of vegetation (37–39). Forest structure– the size and spatial 
distribution of vegetation in a forest– links past and future fire 
disturbance via feedbacks with fire behavior (40). A structurally 
variable forest with horizontally and vertically discontinuous fuel may 
experience slower-moving surface fires, a lower probability of crown 
fire initiation and spread, and a reduced potential for self-propagating, 
eruptive behavior (11, 41–44). Feeding back to influence forest 
structure, this milder fire behavior, characteristic of dry western U.S. 
forest fire regimes for several centuries prior to Euroamerican 
settlement, generates a heterogeneous patchwork of fire effects 
including consumed understory vegetation, occasional overstory tree 
mortality, and highly variable structure at a fine scale (32, 45, 46). For 
instance, the structural variability of Jeffrey pine/mixed-conifer forests 
in Mexico’s Sierra San Pedro Mártir is a consequence of a relatively 
intact fire regime of frequent, low- to moderate-intensity events, and is
implicated in lower fire-induced tree mortality compared to denser, 
more homogenous, fire-suppressed forests (37). Thus, more 
structurally variable dry forests are often considered more resilient and
are predicted to persist in the face of frequent wildfire disturbance (37,
42, 47). While the homogenizing effect of modern high-severity fire on 
forest structure is well-documented (34), the feedback effect of 
heterogeneity of forest structure on fire severity is underexplored, in 
part because of the challenge of measuring fine-scale heterogeneity at
broad spatial extents (48). It has been difficult to empirically test this 
foundational feedback concept at broad spatial extents, or resolve the 
“scale of effect” for how variability in forest structure is meaningful for 
resilience (49, 50).
We use Landsat satellite imagery and leverage a massively-parallel 
image processing approach to calculate wildfire severity for nearly 
1,000 Sierra Nevada yellow pine/mixed-conifer wildfires encompassing 
a wide size range (down to 4 hectares) and long time series (1984 to 
2017). We calibrate these spectral severity measures to ground 
assessments of fire effects on overstory trees from over 200 field plots.
For each point within these ~1,000 fires, we use texture analysis (51) 
at multiple scales in order to characterize local variability in vegetation
structure across broad spatial extents (48). We pair the resulting 
extensive database of wildfire severity and multiple scales of local 
forest variability to ask: (1) Does spatial variability in forest structure 
increase the resilience of California yellow pine/mixed-conifer forests 
by reducing the severity of wildfires? (2) What is the “scale of effect” of
structural variability with respect to its association with wildfire 
severity? and (3) Does the influence of structural variability on fire 
severity depend on topography, regional climate, or other conditions?
Material and Methods
Study system
A
1
2
3+
Number
of fires
B
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l l
l l
lll
l
ll
l l
l
ll
l
l
l
l
ll
llll
l
l
l
l
l
l
l
l
l l
l llll
ll ll
ll ll l
l
ll ll
l
ll
l
l
l lll
l
lll
l
ll
ll
l ll
l
ll
l
l
ll
l
l
l
ll
l ll ll l
ll
l
l
ll
ll
l
l
l
lllll
lll
l
lll
l
l
l
l
l
lll
l
l
ll
l
l
l
l
l
l
l
l
l
ll
lll l
ll
l
l
l
l
l
l
llll
ll
lll
l
llll
llllll
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
lllll l
l
ll
l
ll
l
llll
l
lll l
lll
l
l
l
l
l
l
ll
l
ll
ll
ll
ll
ll
l
ll
l
l
ll
l
l
l
l
l
l l
l
l
ll
l
l
l
l
ll
l
l
l
l
ll
l
l
l
l
l
ll
ll
l
l
l
l
ll
l
l lll
l
l
ll
l
ll
ll
l l
ll
ll
l
l
l ll ll l ll
l
lll
lll
l
l
l
lll
l
ll
l
ll l
l
l
ll
l
l
ll
l
llll
l
l
l
l
lll
l ll
ll
ll
l
l
l
l
ll
l
ll
l
l
l
l
l
ll ll
l
l
l l
l
l
l ll
l
l
ll
ll
l
l
lll l
l
l
l
l l
l
l
l
l
l
l
l
ll
l
l lllll
ll
l
lll l
l
lll
l
l llll
l lllllll
l l
l ll ll l
l
lll
l
l l
llll
l
ll
l
l
l
l
l
l
ll lll l
l
ll
l
ll
ll l
l
l
ll
lll ll
llll ll
l
llll
lll
ll
lll
lll
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l l
l
l
l
ll
l
l
ll
l
l
l
l
l
l ll l
l
l
l
l
l l
l
l
l
ll
l
l l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l l
l
l
l l
l
l
l
l
l
ll ll l
ll
l
ll
ll
l
l
l
l
l
l
ll
ll
l
l
l
ll
l
ll l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l l
l
ll
l
l l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l l
l
ll
l
l
ll
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
ll
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l l
l
l
l
l
l
ll
lll
ll
l
l
l
ll
l
l ll
l
l
l
l ll
l ll
l
l
l
l
l
l
l
ll
l
ll
l
l
lllll
llll
l
ll
l
l
l
l
l
l
llll
lll
llll
lll
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
lll
ll
l
l
l
l
l
lll
l
ll
l
l
l
l
l
ll llll
l
ll
ll
l
lll l
l
l
l
l llll
llll
l
ll
l
lll
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll l
l
lll
l
l
lll
l
lll
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l ll
l ll
l
l
l
l
l
l
l ll
l
lll
l
ll lll
l
l l l
l
l
l
l
l
l
ll
l
l
l
ll
l ll
ll l
l
ll
ll l
l
l
l
llll
l
l l
lll
l
l
ll
l
l
l
lll
l
l l
l
ll
l
l lllll
lllll
ll
l
ll
l
l
l
l
l
l
lll
lll
ll
ll
l
llll
lll
llll llll
ll
l
l
l l
llllll ll
l
l
l
ll
l
l
l
lll
l l
l
llll
l ll lll lll
l
ll
ll
l
lll
l
l
l l
l
ll
ll ll
l
ll l
llll
l l
l
ll
l
l
ll
l
l
ll
l
l
l
ll
l
l
ll
l
l
ll
l
lll
l
l
llllll
l
l
ll
l
l
l
l l
lll
lll
l
l
lllll
l
ll
ll
l
l
l
ll
ll
l
l
l
l
ll
ll
l
l
l
l
l
ll
l
l ll
ll l
ll
l
l
l
l
l
l
l
l
l
l
lllll
ll
lll
l
l
l l
l
lllll
lll l
ll
l
l
lllll
llll
l
l
l
l
ll
ll
l
l l
l lll
l
l lll
l
ll
llll
ll l
l
ll
l
l l
l
l
l
l l
l
l
l l
l
l
l
lll
l
l
l
l
l
l l
lll
lll
l
l
l
ll
l
l
lll
l
l
ll
l
l
l
l
l
l ll
ll
ll
l
l
llll
l
ll
ll
ll
l
llll
l
l
l lll l
l l
l
l
l
l lll
l
l
l l
l
l
l l
l
l ll
l
l
l
l
l ll
ll l
l
l
l
l
l
l
l
ll l
l
l l
l ll
ll l
ll
l
l
l l
ll
lll
llll
l
l ll
l
ll l
ll
l
l l ll lllll
ll
l
l
l ll
l
ll l
l
ll
l l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
ll l
l
l
l
l
l
l lll
l
l
l l
l
l
l
l
ll l
lll
ll
l
lll
lll
l
l ll
llll
ll
ll
lll
l
ll
l
l
ll l
l
l
l
l
l
l
l
ll
ll
l l
ll
l
ll
l l
l
l
ll
l
l
l
llll
l
l
l
l
ll
l
l
l
ll
ll
l
l
ll
l
l
l
l
l
l
l
l lll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
lll
l
l
l
l
l
l
lll lll
l
llll ll ll ll
l
l
l lllll
l ll
ll
ll
l
ll
lll
lll
lll
ll llll
ll
ll l
ll ll
l
l
ll
l
l
ll
l ll l
l
ll lll llll
lll
lll
l
ll
lll
lll
l
l
l
l ll
l
l
l
l
llll
lll
l
ll
l
l
l
llll l
lll
l
l ll
ll
l
llll
l
l l
l l
l
l
l
l l
ll l
l
ll l
l
l
ll
l
ll
l
lll
l lll l
l l
ll l
l l
l
l
llll
l
lllll
l
l
l
llll l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
ll
l
l
l
l l
ll
l
l
l
l
ll ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
llll
l
l
l
l l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
lll llll ll
l
lll
ll
llll
l
llll
lll
ll lll l
l
ll
lll
lll
lllllll
ll
ll
l
l
llllll
lllll
ll
lllllll
llll
llllll
l ll
l
l
l
l ll
ll
l
l
l
l
l
l
l
l
ll
ll
ll
l
l
l
l
l
l
l
l
llll
llllll
l
l
lllll
ll
llll
lll
llll l
ll
l
lll
l
llll
l
l
l ll llllll
lll
lll
l
llll
l
l
l
l
lll l
l
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
l
lll
ll
ll
l
l
l
l
lll
l
l
l
l
l
l
lll
l
ll
ll
l
ll
l
ll
lllll
l
lllll
ll
l
l llll
l l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
ll
ll
l
lll
l
ll l
l
llllll ll
ll
l
l
ll
l
l l
l ll
ll
l lll
l
l
lll ll
l
llllll llll
l
ll
ll
ll
l
lllll
l
ll llll
lll
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l ll
ll
l
l
l
l
ll
l
l
l
ll
l
l
l
l
ll
l
l
l
l
l l
ll
l
ll
l
l
l l
l
l
l
ll ll
l
ll
l ll
ll
l
l
lll
l
l
ll l
l
l
l
l
l
l l
l
ll
l
l
l
lll
l
l
l
ll
lll
l
ll
l l
l
l
l
ll
ll
ll
l ll l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
ll
ll
ll
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l l l
l
l l
l
l lll ll ll
ll
l l
l
l l
l ll
l
l l
l l
l
l
lll
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l l
ll
ll
l
lll lll l
llllllll
l
l
l
llll
l
l
l l
l
l l
l
ll
l
l
l
ll l
l
lll
l
ll
l
ll
l llll
llllll ll
lllll
ll
l l
l
l
lll
ll
lll
lll
lll
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
lll ll
l
l
ll
l l
l
l
l
l
l
l
l
l
l
l
l
lll
l
ll
l
l
l
lll
ll
l
ll
l
ll
lll
l
l
ll
ll
l
l
lll l
l
lll
l
l
ll l
l
l
lll
l
l
l
ll
l
ll lll ll l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
ll
l
l
l
l
l ll l
l
lll
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
ll
l
l l
l
l
l l
l l
ll
l
ll
l l
l
ll
l
l
ll
ll
ll
l
lllll
l
l
l
l l
lllll
l
ll
l
l ll
l
l l
l
l
l
l
l
l l
l
ll
l
ll
llll
l
l l
l
l l
l
l
l
l l
l
l
l
l
ll
l
l
l lll
ll
ll
l
l
l l
lll
l
l
l lll
ll
ll
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
ll
ll
l
l
l
l
l
l
l l
l
l l
l
l
l l
l
l
l
l
l
l
l
lll
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
ll
l
l
l l
ll
l
lllll
ll
l l
l
l
l
l
l l
lll
l
l
l
l
l
lllll
l
l
l
l
l
l
l
l
ll
l
l l
ll
ll
l
l
l
l ll
l
l l
ll
l
ll
l
l
l
l
l
ll
l
ll
ll
l
l
l l
l
l l
l
l l
l
ll
l
l
l ll l
l l
l
l
l l
l l
l l
llll
l
ll
ll
llllll
llll
l
l
l
l
l
l
ll
l ll
l
l lll llll
l
l
l lll
l
l
l
ll l
l
l ll
ll
l
l
l
l
l
lll ll l
ll
l
l
ll
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
ll
l
l ll ll
ll
l
l
l
llll l
llll
l
l l
lll l
lll lll
l
ll
ll llll
l
ll
l
l
l
ll
lll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
ll
llll
l
ll
lll
l
l
l
ll
llllll
l
l
ll
ll
l
l
llllll l
ll l
lllll
lllll
ll
ll
ll
l llll l
llll
l
l
l
l
l l
l
l ll
l
l
l
l
l
l
ll
l
l
l
l
llll
lll
lll
l
ll l
l
l
llll
lllll
lll
l
ll ll
l
l
l
l
ll
l
ll
lll
ll l
ll
l
l
lll l
lll
l l
lll l
l
l
ll
ll
ll
lll
ll
llllll
l
llll
l
l
l
l
ll
ll
l
l
ll
ll l
l l
l
l
l
l
l
l
l
l
lll
l
l
l
l
l
l
l
l
ll
l
ll
l
ll
l
l lll
ll
ll lllll
l
l
l l
ll l
l
ll
l
l
l
ll
lll l
l
l
l
lll
l ll
ll
l l
l
l
ll
ll
l
l
l
l
l ll
lll
llll ll ll
l
l
l
ll
ll
l
l lll ll l
l
l
ll l
lll
ll
llll l
l
l
lll
ll l
l
ll
l
l
ll
ll ll
l
ll
l
l
lll lll
llll
ll
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l l l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
ll
l
llll
l
l lll
l
ll
l
l
l
llllll
ll
l l
lll
l
l
l
l
l
lll
l
l
l
l
lllll
lll
l
l
l
ll
l
lll
l
l
l
l
l
l
ll
l
l
l
l
l
l
llll
l
ll
l
l
l
l
l
l
lll
l
l
ll
l
lll
l
llll l
ll ll lllllll
ll
lllllll
l
llllll
lll
l
l
l
llll
lll
ll
l
ll
llll
ll
l
l
l
l l
l
l
l
l
lll
ll
l
l
l
l
ll
l
l
l
l
l
l
l
l
lll
l
llll l
l
llll
l
ll
ll
l
ll
ll
l
l
l
l
l
lll
l
l
l
l
ll l
l
l
l
l
l
ll
ll
l
l
l
lll
l
l
l
l
l
l
l
l
llll
llll
llll
l
ll
ll llll
l
ll
lll
llll
l
ll
l
ll l ll
l
l ll
l
ll ll
l
l
ll
l llll l
l
l
l
ll
ll
l
ll
l
ll l
l
lllll ll
l
l ll
ll
ll
l
llll
lll
ll
l
l
l
l
l lllll
llll l
lll
l
l
ll ll ll
l
l
l
l l
ll
l
lll
l
l l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l l
l l
lll
l
l
l
l
lll
l
l
ll
ll l
l
l
ll
l ll ll
llll
lllllll l
l
l ll
lllll
l
l
l
l l
l
l
l
l
l
ll
l
l
ll
l
l
l
ll
l
l
l
lll
lllllll
lll
l
l
l
llllllll
ll
l
l l
l
l
l
l
l
ll
l
l
l
ll
l
lll
l
lll
l
l
lll
ll
l
l
l
l
lll
ll llll
l
l
llll
l
ll l
l llll lll
lll
ll
ll
l
l
l
l
l
l
l
l
l
ll
lll
l
lll
l
l
lll
lll
l
l
ll
l
ll
l
l
l
l
l l
l
l
l
l
l
ll
l
lll
ll
l
l
l
ll
ll
l
l
l
ll
l
l
l
ll
l
l
l
l
ll
l
l
l
ll
lll
l l
ll ll
lll
l lll l
ll
l
ll
l
ll
llll
l
l lll
l
l
ll
l
ll
l
ll
l l
l ll
l
ll ll
l
l
l
l
l l
l l
l
ll ll
l
l
l
l
l
l
l
l
l l
ll
l
l
lll l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
ll
lllll
ll
l
ll l
l
lll
lll
l
l
l
l
ll
ll
l
ll
l
l
lll
l
l
l lll
l
ll
l
l
l
l
l
ll
l
l
l
llll
l
l
l
ll
l
ll
l l
lll
llll
l
ll
lll
llll
lll
l
lll
l lllll
l
ll
ll l
l
l
l
lll
l
l ll
ll l
l
ll
l
l
l
lll
l
l
l
lll
ll
l
llllllllllll
ll
lllllll
llll
ll
lll
l
l
l
l
l
ll
l
l
l
lll
llll lllll
ll
l
l
l
lll
l
l
l
ll
l
l
l
l
l
ll
l
ll
l
ll
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l l
l ll ll
l
ll l
ll
l
llll l
ll
l
ll
ll
l
l
lllllll
lll
l
l
ll
lll l
l
l
l
l
l
l
l
l
l
l
l
l
ll
ll
ll
l
l
l
l
l
lll
ll
l
l
l
ll
l l
l
l
l
ll
l
l
ll
l
l
l
l
l
l l
l
l
ll
l
l
l
l
l
l
l l
l
l
l
l
ll
l
l
lll
llll
l
ll
ll
l
ll
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l l
l
l
l
l
l ll
l
ll
l
l
l l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l
l
l
l
llll llll
l
lll
lll lll
llllllll
l
llllll
ll
lll
llll
l
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
l
l ll
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l l
ll
l l
ll
l
l
l
l
llll
lll
llll
ll
l
l
ll
l lll
lll
ll
l
lll ll l
ll
ll
llll
l
ll
ll
llll
lllll
l
ll
l
l
lll
ll
l
l
l
l
l l
l
l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l lll
ll
lll
ll
ll
l
lll
l
lll
lll
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l l
l
ll
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
lllll
ll
l
llll
l
l
l
l
llll
ll
l
l
l
l
l
l
l
l ll
l
l
l
ll
l
l
l
llllllllll
l
lll
lll l
l
l
l
ll l
l
l
l l
l
l
l
l
l
l
l
l
l
ll l
l
l l
l
l l
l
l
ll
ll
l
l
ll
l
l
l
ll
l
l
l l
l
l
l
l ll
l
l
l
l
l
l
ll
l
l
l
llll
l
lll
lll
ll lllllll
llll l
lll
l
l
llllllll
l
l
ll
ll
llll
lll
lll
l
lllll
lllllllll
lll
ll ll
llll
llll
l
l
l
l
lll l
l
ll
l
l
l
ll
l
l
ll
l
ll
ll l
ll l
ll
lll
lll
ll l
l
ll
l
l
ll
l
l ll l l
l
l
l
l
ll l
l
l
l
ll
l
l
ll
l
l l
l
ll
l
l
l
l
l l
ll
l
l
l
ll
l lll
lll
l
l llllll
l
l
ll
l
llll
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
ll
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l ll
l
l
l
l l
l
l
l
l
l
l l
l
ll
l l
l
l l
l
ll
l
l
l
l
l
l
l
ll
lllll
l
llllllllllll ll
l
ll
ll
llll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l l
l
l l
l
l
l
ll
l
l
ll
ll
l l
l
lll
ll
llll
l
l
ll
l
l
ll
l
l
lll
l
lll lll
l
l
lllll l
lll
ll
llll
l
lll
l
l
l l
ll llllll
lll
ll
l
l
l
ll
l
llll
l
lll
l
ll
l
l
l
l
l
l
l
l
l
l
l
lllll
ll l
l
lllll
l
lll
ll
llllll
l
lll
l
llll
l
l
ll
lll
l
l
lllllll
llll
l
l
l
l
l
lll
l
l
l
l
l
ll
ll
l
l
l
l
ll
l
l
l
l
l
l
lll
l
ll
l
l
l
l
l
l ll
l
l
l
l
l
l
ll
l
l
l
llll ll
ll
l
l
ll
l
l
ll
l
l
ll
lll
ll
l
l
ll
l
llll
ll
l
llll
l
llllll
l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
lll
l
l
l
l
l
l
l
l
l l
lllll
l
l
l
l ll
l l
lll l
l l
lll ll
l
l
ll
l
l
ll
lllll
l
ll l
lll
l
ll
l
l
lll
llll
l
ll
l
l
ll
l ll
lllll llll
l
ll
l
l
l
l
l
l lll
l
lll l
l
l
l
l
l
l
l
l
l l
lll
l
ll
l
l
l l
l
l
l l
l
l
l
lll
ll
l
l
l l
llll
lll
ll
ll ll l l
l lll
ll
ll
l
ll
ll
lllll l
l
ll
llllll
ll
lll
ll
ll
l
l
l
ll
l
l
l
l
l
l
l
lll
l
l
lll
l l
l
l
l
l
l
l
l
l
ll
l
l
ll l
l
ll l
ll
l
lll
ll
l
l
l
lll
l
l
ll
ll
l
l
l
l
ll
l
l
llll
ll
l
ll
ll
l
lll
lll
ll
ll
l
l
l
l l
ll
lll
l
lll
l
ll
l
l
l
l
l
l l
l
ll
l
lll
l
ll
l l
l
lll l
l
ll l
ll l
ll
l
l
l l lll l
l
lll l l
l
ll
l
l
l
l
l
l
l l l
l
ll
l
l
l
ll
l
l
l
l
ll
ll
ll lll
l
ll
l
l
l lll ll
l
l l
l
l
l
l
l
llll
l ll
l
l
l
l
ll
l
lll
l
l
ll l
ll
ll
l
l
ll
l
l
l l
l
ll
l
l
l
l l
l
l
l
l
l
l l
l
l
l
ll
l
llll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l ll
l
ll
l
l
l l
l
l
l
l
ll
l
l
l
ll l
l
l
l
l
l
ll
l
ll
l ll
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
llllllll
lll l
llll
lll
l
lll
l
l
l
l
l
l
l
l
l
l
ll
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
lll
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
lll
ll
l l
l
l
l
l
ll
l
l
l
l ll
l
l
l
l
l
l
l
lll
l
l
ll
l
l l
l
l
l
l
l l
l
l l
l
ll
l
l
l l
l
l
l l
l
l
l
l
l
l ll
l
l
l
l
l
l
l l
ll
l
l
l
l l
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
lllll
ll l
l
l ll
lll
ll
l
llllll
l
l l
l l l
l
lll
lll
l
l
l
ll
l
llll
l
ll
l
l
l
l l
l
l
ll
l
ll
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l l
lll l l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
ll
l
l
llll
l
ll
lllll
l
ll
l
ll
lllll
l
ll
ll
llll
l
l
l
l
l
ll
l
ll
ll
l
ll
l
l
ll
l
l
lll
l
ll
l
l
l
l
ll
ll llll
l
l
l
ll
llll
llll
llll
llll
l
ll
llll l
ll
lll
llll
l l
ll
l
l
l
l
l
l
ll
ll
l
l
l
l
l
l
l ll
l
l
l
l
l
l
ll
l
l
l
llll
l
l
ll ll
l
l
l
ll l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll l
ll
l
l
l
l
l
l
l
l
l
l
ll
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
llll
l
ll
l
l
ll
l
l
l
l
lllllllll
ll
llll
l
l
l l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l l
l
l
l
l l
l
l
l
l
l
l
l
ll
l
l
ll
l l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
ll
l
llll
l
l
ll
l
l lllll
llll
lll
l
l
l
l
l l
l
l
l
ll
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
ll
l
l l
l
l
l
l ll
l
l
l
l
ll
ll
lll
ll
lll
lll
l
l
l
llll l l
l
ll
l
lll
l
l
ll
lll lll
l lllllll
l
l
lll l
l
l
l
ll
l
l
l l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
ll
llll lll
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
lll
l
l
l l
l
l
l
l
l l
llllllll
l
llllllll
ll
ll
lll
ll
ll
l
l
l
l llll ll
l
ll
ll
l
l
l
l
ll l ll l
l
l
l
ll
llll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l ll l
ll l
l
ll
l
l
l
l
l
l
l
l
l
l
ll
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
ll
l
ll l
l
l l
ll l
l
l
l
l
l
l
l
l
l
l
l
ll
ll l
l
l
l
l
ll
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
lllll
l
llllll
ll
l
ll ll
l
ll
l
ll
l
ll
l
ll
ll
ll
l
ll
l ll
l
l
l
ll
ll
l
l
ll
ll
lll
l
ll
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
llll
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
l
l
l
l
ll
l
ll
ll
l
l
l
l
l l
l
ll l
l
l
l
ll
ll
l
l
l
ll
l
l
l
l
l
l
l l
l
l
l l
l
l
ll
l
l ll
l
l
ll
ll
l
l
l
lll
l
l
ll
ll
lllllll
l
lll
l
lll
l
l
ll
l
l
l
l
llll
l
l
l
lll
ll
lll
l lll
l
lllll
llll
l
l llll
l
l
l
l
ll
l
l
lll
l l
l
l
ll
l
ll l
l
l l
l
l
ll
l
l
ll
ll
lll
l
l
llll
lll lll
ll
ll l
l
l
ll
l
l
l l
l
lll
l
l
l
l l
l
l
l
l l
l
l ll
ll l
l
l
lll
l
l
l
l
l l
l
l ll
l
l ll
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
ll
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l llll ll
ll
l
lll
l
l
l
l
l
ll
llll
ll
l
lllll
l
l
lllllll l
lll
l
l
ll
llll lll lll
ll
l
l
lll
ll lll ll
l
ll
lll
llllllll
l
ll
l
l
l
l
lll l ll ll
ll l
l
l
l
l
l
ll
l
l
l
l
ll
l
l
l
ll
l l
l
ll
l
l
ll
l
l l
l
l l
l
l
l
l
l
ll
l
l
l
l
l l
l
ll
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
lll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
llllll
l l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
ll
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
ll
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
ll
lllllll
l
l lllll
l
ll
l
ll
l
ll
ll
llll
l
l
l
l
l
l
l
ll
l
lll ll
l
l
l
l
l
ll
ll
l
l
l
l
lll
l
l
l
l
l
l
l
l
l
ll
llllllllll
l
l
lll
lll
l l
l
ll
ll
lll
l
llll
l
l
ll l
l
l
ll
l
l
l
l
l
ll
ll
ll
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
lll
ll
l l
l l
l l
ll
l
l
l
l
ll l
l
l
l ll
ll ll
lll
l
l l
l
ll l
ll
l l l
l
l
l
l
lllll
l
llll
lllll
ll
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
ll
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
ll l
l
l
ll l
l
ll
l
l
l
l
l
llll
lll
l
l
ll
ll
llll
l
llll
l
l
ll
l
ll
l
ll
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
lll
l
l
l
l
l
l
ll l
l l
l l
l
l
l
l
l
l
ll
ll
l
l
l
l
l
lll
l
l
llll
ll
l
l
l
l
ll l
l
l
ll
l l
l
ll
l
l
l
l
l
l lll l
l l
l
l
l
l
l
l ll
l
l
l ll
l
ll
l
l
l
l
l
l
l
l
l lllll lll
llll
l ll
l lll
ll lll lll
l
lll lll
ll l lll l
l l
l
ll
lllll
lll
lll ll
ll
ll
l
ll
l
ll ll
l
ll
l
l
l
l
l
l llll
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
lll l
lll llllll
l l
l
l lll
l
l l
l
l
lllll
l
llllllllll
l
ll l
l
l
l
l
l
l
l
l
l
lll
l
lll
l
ll
l ll
l llll
l
l
l
l
l
l l
l
l
l
l
ll l
ll
l
l
l
l
l l
l
l
ll
lll
lll
l
l
l
ll
l
ll
l ll
l
ll lll l l
l
ll
l
l
l
l
llll
ll
l
l
l
ll
l
l l
l
l
ll
l
ll
l
ll
l
l
l
l
l
l
l
l
ll
ll
l
ll
l
l
l
l
l
l
l l
ll
l
ll
ll
ll
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
ll
l
l
ll
ll
l
lll ll
ll
ll
ll
l
l
l llll lll
l
l
l
ll
l
l
ll
l
l
l ll
l
l
l
llll
l l
llll
l
l
ll
l
lll
ll
l
ll
l
ll
l
l
ll
ll
l
ll
l
l
lll
l
l
ll lll
llll
llllll
lll lll
ll ll
lll
l
l
l
l
ll
ll
l
l
l
l
l
l
l
l
l
l
ll
l
lll
l
l
l
l
lll
llllllll
l
l
lll llll
ll llllllllll
l l
lll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l l
l
lll
l
l ll
l
ll
ll
lll
llll
lll
l
l
l
l
ll l
l
l
lll
l l
l
l
l
l
l
l ll
ll
l
l
l llll
l
l
l
l
ll ll
l ll
ll
l
l l
l
l
l
ll
l
ll
ll
l
l
l
ll
lll
llll
lll
l
l
l
ll
ll
l
llllll
l
l
l
l
l
ll
l
ll
l
l
lll
l
ll
l
l
l
ll
lll
l
ll
ll
ll
lllll
l
llll
ll
lll ll
lllllll
llllll
l
l
l
l
ll ll
l
l
l
ll
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l l
l
l
l
l
l
l
l
l
ll
l
l
l
llllll
lll
l
lllllll
lll
l
lll
ll
lll
l l
llll l
l
l
l
ll
ll
lll
lll l llll
l
ll
ll
ll
l
l l
l
lll
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l ll l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
lll
l
l l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
lll l ll
l
ll lll l
l
ll
ll
l l
l l
ll
l
l ll
l
l
l
lll
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l l
l
l
l l
l
l
l
l
l
l
l
l
l
ll ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
l
llll l
l ll
l
l
lll
l
l l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
ll
ll
ll l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
ll l
l
ll
lll
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
ll
ll
l
ll
l
ll
l
l
l
l
l
l
l
l
ll
ll
ll
l
l
lll
ll
l
lll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l lll
l
l
l
l
l
l
l
l
l
l
l
l
ll
ll
l
l
lll
ll
l
l
ll
l
l
ll
l lll
ll
lllll
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
ll
l
l
ll
l
l
ll
l
l
ll
ll
ll
l
lll
ll
ll
l
ll
lll
l
l
l
l
l
l
l
l
l ll
l
l
ll
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
ll
l
l
l
l
l
l
lll
l
l
l
l
l
ll
l
l
ll
l
llll l
ll l
l
ll
llllll
lll
l
l
llll l
lll
l
l
ll
ll
l
l
l
l
l
l
ll
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
lll
l
l l
l
l
l
l l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
lll
ll
l
ll
l ll
l
l
l
l
l
ll lll
l
l
ll
ll
l
l l
l
l
l
l
l
ll
l
l
l lll
l
l
l
l
l
l l
l
ll l
l
ll l
l
ll
l
ll
l
l
l
l
ll
l
l
ll
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
lll
l l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
ll
l
lll
l
lll
l
lll
l llllll
lll lll
l
ll
l
l
l
l
l
l
llll
l
l
l l
ll
l
ll
ll
ll
l
ll
l
l
ll
l
l
lll
ll ll
ll ll
l
ll
ll
l
l
ll
l
l
l
lll
l
l
lll
ll
llll
l
l
ll
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
lll
ll
l
l
lllll
l l
ll
l
l
lll ll l
l
l
l
l
ll
ll
ll
l
l lll
l
l
ll
ll
l
l
l
ll
l
l
ll
lll
l
l
ll
l
l llll
l
l
l
l l
l l
l
l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
ll
l
l
l
l l l
l
l
l
lll
l
l
l
l
l l
l
l
ll
l
l
l
ll
l
l
l
ll l
lll
l
ll
l
l
lll
l
ll
l
lll
l
l ll
ll
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll l
l
l
ll
l
l
l
l
l
l
l
l
l
llll
ll
l
l
ll
l
ll
l
l
l
ll
ll
l
l
l
l
l
l
l
ll
l
l
l ll
l
l
l
l
l
l
ll
l
l
ll
l
l
ll l
ll
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l ll
l
ll
l
l
l
l
l
l
l l
l l
l
l l
ll
l
l
l
l l
l
l
l
l
l
l
l
lll
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l
l
l
lll
l
l
l
l
l
l
ll
ll l ll
l
l
l
l
l
l
l
l
l
ll
l
l
ll
l
lll
l
l
l
ll
l
l
l l
ll
l
l
ll
l
ll
l
ll
l
ll l
l
l
l
l
ll llll
l
l
lll
l
lllllll
ll
ll
ll
lll
l
ll
ll
ll
l
lll
l
l
lll
llll
l
l
ll
l
l l
l
ll ll
l
llll
lll ll lllll lll
lll
l
llll
l
l
llllll
lll
l
l
l
l
l
lll
lll
l
l
ll
l
l l
l
l
l
l
ll
l
l
l
l
ll
llll
l
l
lll l
ll
l
ll l
l
l
l
ll
l
lll
l
l
l
lll
l
lll
l
l
l
l
lll
l
ll
lll
ll
l
l
l
l
l
l
CBI plot
Remote
sample
C
Fig. 1. Geographic setting of the study. A) Location of yellow 
pine/mixed-conifer forests as designated by the Fire Return Interval 
Departure (FRID) product which, among other things, describes the 
potential vegetation in an area based on the pre-Euroamerican 
settlement fire regime. B) Locations of all fires covering greater than 4 
hectares that burned in yellow pine/mixed-conifer forest between 1984
and 2017 in the Sierra Nevada mountain range of California according 
to the State of California Fire Resource and Assessment Program 
database, the most comprehensive database of fire perimeters of its 
kind. Colors indicate how many fire perimeters overlapped a given 
pixel within the study time period. C) (red) Locations of 208 composite 
burn index (CBI) ground plots used to calibrate the remotely sensed 
measures of severity. (black) Locations of random samples drawn from
972 unique fires depicted in panel B that were in yellow pine/mixed-
conifer forest as depicted in panel A, and which were designated as 
“burned” by exceeding a threshold relative burn ratio (RBR) 
determined by calibrating the algorithm presented in this study with 
ground-based CBI measurements.
Our study assesses the effect of vegetation structure on wildfire 
severity in the Sierra Nevada mountain range of California in yellow 
pine/mixed-conifer forests (Fig. 1). This system is dominated by a 
mixture of conifer species including ponderosa pine (Pinus ponderosa), 
sugar pine (Pinus lambertiana), incense-cedar (Calocedrus decurrens), 
Douglas-fir (Pseudotsuga menziesii), white fir (Abies concolor), and red 
fir (Abies magnifica), angiosperm trees primarily including black oak 
(Quercus kelloggii), as well as shrubs (32). We considered “yellow pine/
mixed-conifer forest” to be all areas designated as a yellow pine, dry 
mixed-conifer, or moist mixed-conifer pre-settlement fire regime (PFR) 
in the USFS Fire Return Interval Departure database 
(https://www.fs.usda.gov/detail/r5/landmanagement/gis/?
cid=STELPRDB5327836), which reflects potential vegetation and is less
sensitive to recent land cover change (34). We considered the Sierra 
Nevada region to be the area within the Sierra Nevada Foothills, the 
High Sierra Nevada, and the Tehachapi Mountain Area Jepson 
ecoregions (52). The fire regime for several centuries prior to 
Euroamerican settlement was dominated by frequent, low- to 
moderate-severity wildfires, but modern fires tend to burn larger areas 
per event, with a greater high-severity component (32).
A new approach to remotely sensing wildfire 
severity
We measured forest vegetation characteristics and wildfire severity 
using imagery from the Landsat series of satellites (33, 53) with 
radiometric correction post-processing (54–57). Landsat satellites 
image the entire Earth approximately every 16 days with a 30m pixel 
resolution. We used Google Earth Engine, a massively parallel cloud-
based geographic information system and image hosting platform, for 
all image collation and processing (58).
We calculated wildfire severity for the most comprehensive digital 
record of fire perimeters in California: The California Department of 
Forestry and Fire Protection, Fire and Resource Assessment Program 
(FRAP) fire perimeter database 
(http://frap.fire.ca.gov/projects/fire_data/fire_perimeters_index). The 
FRAP database includes all known fires that covered more than 4 
hectares, compared to the current standard severity database in this 
region which only includes fires covering greater than 80 hectares (33, 
34, 59, 60). Using the FRAP database of fire perimeters, we quantified 
fire severity within each perimeter of 972 wildfires in the Sierra Nevada
yellow pine/mixed-conifer forest that burned between 1984 and 2017. 
Our approach more than doubles the number of fire events 
represented from 430 to 972, though only increases the total burned 
area represented from 7.44e+05 to 7.69e+05 hectares because most 
of the additional fires are small. We use a consistent algorithmic 
approach to calculate fire severity across all fires, avoiding subjective 
judgements that some previous approaches have used to characterize 
severity separately for each fire.
Fetching and processing pre- and postfire imagery
For each fire perimeter, we fetched a time series of prefire Landsat 
images starting the day before the fire alarm date and extending 
backward in time by a user-defined time window. An analogous 
postfire time series of Landsat imagery was fetched exactly one year 
after the date range used to filter the prefire collection. We tested 4 
time windows: 16, 32, 48, or 64 days which were chosen to ensure that
at least 1, 2, 3, or 4 Landsat images were captured by the date ranges 
(Supplemental Fig. 1). The Landsat archive we filtered included 
imagery from Landsat 4, 5, 7, and 8, so each pre- and postfire image 
collection may contain a mix of scenes from different satellite sources 
to enhance coverage. For each image in the pre- and postfire image 
collections, we masked pixels that were not clear (i.e., clouds, cloud 
shadows, snow, and water) using the CFMask algorithm (61).
For each Landsat image in the prefire and postfire collections, we 
calculated standard indices that capture vegetation cover and fire 
effects such as charring. Normalized difference vegetation index 
(NDVI) correlates with vegetation density, canopy cover, and leaf area 
index (62). Normalized burn ratio (NBR) and normalized burn ratio 
version 2 (NBR2) respond strongly to fire effects on vegetation (56, 57,
63–65) (Equations in Supplemental Methods).
We composited each prefire image collection (including the pixel 
values representing NDVI, NBR, and NBR2) into a single prefire image 
and each postfire image collection into a single postfire image, by 
calculating the median of the unmasked values on a per-pixel basis 
across the stack of images in each pre- and postfire collection. 
Composite pre- and postfire images can be successfully used to 
measure wildfire severity instead of using raw, individual images (66).
We composited each pre- and postfire image collection (including the 
pixel values representing NDVI, NBR, and NBR2) into a single pre- and 
postfire image using a median reducer, which calculated the median of
the unmasked values on a per-pixel basis across the stack of images in
each collection. Composite pre- and postfire images can be 
successfully used to measure wildfire severity instead of using raw, 
individual images (66).
Calculating wildfire severity
Using the compositing approach, we calculated the most commonly 
used metrics of remotely-sensed wildfire severity to validate against 
ground-based data: the relative burn ratio (RBR) (67), the delta 
normalized burn ratio (dNBR) (33, 53), the relative delta normalized 
burn ratio (RdNBR) (33, 60), the delta normalized burn ratio 2 (dNBR2) 
(65), the relative delta normalized burn ratio 2 (RdNBR2), and the delta
normalized difference vegetation index (dNDVI) (53). We also calculate
a new, analogous metric to the RdNBR using NDVI– the relative delta 
normalized difference vegetation index (RdNDVI). We calculated the 
delta severity indices (dNBR, dNBR2, dNDVI) without multiplying by a 
rescaling constant (e.g., we did not multiply the result by 1000 as in 
(33)). Following (68), we did not correct the delta indices using a 
phenological offset value, as our approach implicitly accounts for 
phenology by incorporating multiple cloud-free images across the 
same time window both before the fire and one year later. (Full 
equations can be found in the Supplemental Methods)
Example algorithm outputs are shown in Fig. 2.
Unburned
Low severity
Moderate severity
High severity
Fig. 2. Example algorithm outputs for the Hamm Fire of 1987 (top half) 
and the American Fire of 2013 (bottom half) showing: prefire true color
image (left third), postfire true color image (center third), relative burn
ratio (RBR) calculation using a 48-day image collation window before 
the fire and one year later (right third). For visualization purposes, 
these algorithm outputs have been resampled to a resolution of 100m 
x 100m from their original resolution of 30m x 30m. Data used for 
analyses were sampled from the outputs at the original resolution.
Calibrating remotely-sensed wildfire severity with 
field-measured wildfire severity
We calibrated our remotely-sensed measure of wildfire severity with 
208 field measures of overstory tree mortality from two previously 
published studies (69, 70). The Composite Burn Index (CBI) is a metric 
of vegetation mortality across several vertical vegetation strata within 
a 30m diameter field plot (64). The CBI ranges from 0 (no fire impacts) 
to 3 (very high fire impacts), and has a long history of use as a 
standard for calibrating remotely-sensed severity data (33, 64, 66, 67, 
71–73). Following (33), (71), (67), and (66), we fit a non-linear model to
each remotely-sensed severity metric of the following form:
(1) remoteseverity=β0+β1e
β2 cbioverstory
We fit the model in Eq. 1 for all 7 of our remotely-sensed severity 
metrics (RBR, dNBR, RdNBR, dNBR2, RdNBR2, dNDVI, RdNDVI) using 4 
different time windows from which to collate satellite imagery (16, 32, 
48, and 64 days). Following (72), (67), and (66), we used bilinear 
interpolation to extract remotely-sensed severity at the locations of the
CBI field plots to better align remote and field measurements. We also 
extracted remotely-sensed severity values using bicubic interpolation. 
In total, we fit 56 models (7 severity measures, 4 time windows, 2 
interpolation methods) and performed five-fold cross validation using 
the modelr and purrr packages in R (74–76). To compare goodness of 
model fits with (33), (71), and (67), we report the average R2 value 
from the five folds for each of the 56 models.
Remotely sensing local variability in forest 
structure at broad extents
We used texture analysis to calculate a remotely-sensed measure of 
local forest variability (51, 77). Within a moving square neighborhood 
window with sides of 90m, 150m, 210m, and 270m, we calculated 
forest variability for each pixel as the standard deviation of the NDVI 
values of its neighbors (not including itself). NDVI correlates well with 
foliar biomass, leaf area index, and vegetation cover (62), so a higher 
standard deviation of NDVI within a given local neighborhood 
corresponds to discontinuous canopy cover and abrupt vegetation 
edges (see Fig. 3) (78). Canopy cover is positively correlated with 
surface fuel loads including dead and down wood, grasses, and short 
shrubs (79, 80), which are primarily responsible for initiation and 
spread of “crowning” fire behavior which kills overstory trees (81).
Fig. 3. Example of homogenous forest (top row) and heterogenous 
forest (bottom row) with the same mean NDVI values (~0.6). Each 
column represents forest structural variability measured using a 
different neighborhood size.
Remote sensing other conditions
Topographic conditions
Elevation data were sourced from the Shuttle Radar Topography 
Mission (82), a 1-arc second digital elevation model. Slope and aspect 
were extracted from the digital elevation model. Per-pixel topographic 
roughness was calculated as the standard deviation of elevation values
within the same-sized kernels as those used for variability in forest 
structure (90m, 150m, 210m, and 270m on a side and not including 
the central pixel).
We used the digital elevation model to calculate the potential annual 
heat load at each pixel, which is an integrated measure of latitude, 
slope, and a folding transformation of aspect about the northeast-
southwest line ((83) with correction in (84); See Supplemental Methods
for equations)
Moisture conditions
The modeled 100-hour fuel moisture data were sourced from the 
gridMET product, a gridded meteorological product with a daily 
temporal resolution and a 4km x 4km spatial resolution (85). We 
calculated 100-hour fuel moisture as the median 100-hour fuel 
moisture for the 3 days prior to the fire. The 100-hour fuel moisture is 
a correlate of the regional temperature and moisture which integrates 
the relative humidity, the length of day, and the amount of 
precipitation in the previous 24 hours. Thus, this measure is sensitive 
to multiple hot dry days across the 4km x 4km spatial extent of each 
grid cell, but not to diurnal variation in relative humidity nor to 
extreme weather events during a fire.
Remote samples
Approximately 100 random points were selected within each FRAP fire 
perimeter in areas designated as yellow pine/mixed-conifer forest and 
the values of wildfire severity as well as the values of each covariate 
were extracted at those points using nearest neighbor interpolation. 
Using the calibration equation described in Eq. 1 for the best 
configuration of the remote severity metric, we removed sampled 
points corresponding to “unburned” area prior to analysis (i.e., below 
an RBR threshold of 0.045). The random sampling amounted to 54109 
total samples across 972 fires.
Modeling the effect of forest variability on 
severity
We used the Relative Burn Ratio (RBR) calculated using bicubic 
interpolation within a 48-day window to derive our response variable 
for analyses of forest structural variability, as it showed the best 
correspondence to field severity data measured as average R2 in the 5-
fold cross validation. Using the non-linear relationship between RBR 
and CBI from the best performing calibration model, we calculated the 
threshold RBR corresponding to “high-severity” signifying complete or 
near-complete overstory mortality (RBR value of 0.282 corresponding 
to a CBI value of 2.25). If the severity at a remote sample point was 
greater than this threshold, the point was scored as a 1. We used a 
hierarchical logistic regression model (Eq. 2) to assess the probability 
of high-severity wildfire as a linear combination of the remote metrics 
described above: prefire NDVI of each pixel, standard deviation of NDVI
within a neighborhood (i.e., forest structural variability), the mean 
NDVI within a neighborhood, 100-hour fuel moisture, potential annual 
heat load, and topographic roughness. We included two-way 
interactions between the structural variability measure and prefire 
NDVI, neighborhood mean NDVI, and 100-hour fuel moisture. We 
include the two-way interaction between a pixel’s prefire NDVI and its 
neighborhood mean NDVI to account for structural variability that may 
arise from differences between these variables (see Supplemental Fig. 
2). We scaled all predictor variables, used weakly-regularizing priors, 
and estimated an intercept for each individual fire with pooled 
variance.
(2)
sev er it yi , j ∼Ber n(ϕi , j)
l ogi t (ϕi , j) ¿β0+¿βnbhd ¿∗nbhd¿i+¿βprefireNDVI∗prefireNDVIi+¿βnbhd ¿∗nbhd ¿i+¿βfm100∗fm100i+¿βpahl∗pahli+¿βtopographicroughness∗topographicroughnessi+¿βnbhd¿∗fm100∗nbhd ¿i∗fm100i+¿βnbhd ¿∗prefireNDVI∗nbhd¿i∗prefireNDVIi+¿βnbhd ¿∗nbhd ¿∗nbhd ¿i∗nbhd¿i+¿βnbhd ¿∗prefire NDVI∗nbhd¿i∗prefireNDVIi+¿γ j
γ j ∼ N(0 ,σfire)
Assessing the “scale of effect” of forest 
variability
Each neighborhood size (90m, 150m, 210m, 270m on a side) was 
substituted in turn for the neighborhood standard deviation of NDVI, 
neighborhood mean NDVI, and terrain ruggedness covariates to 
generate a candidate set of 4 models. To assess the scale at which the 
forest structure variability effect manifests, we compared the 4 
candidate models based on different neighborhood sizes using leave-
one-out cross validation (LOO cross validation) (86). We inferred that 
the neighborhood size window used in the best-performing model 
reflected the scale at which the forest structure variability effect had 
the most support.
Statistical software
We used R for all statistical analyses (76). We used the brms package 
to fit mixed effects models in a Bayesian framework which implements 
the No U-Turn Sampler (NUTS) extension to the Hamiltonian Monte 
Carlo algorithm (87, 88). We used 4 chains with 3000 samples per 
chain (1500 warmup samples and 1500 posterior samples) and chain 
convergence was assessed for each estimated parameter by ensuring 
Rhat values were less than or equal to 1.01 (88).
Data availability
All data and analysis code are available via the Open Science 
Framework (DOI: 10.17605/OSF.IO/27NSR) including a new dataset 
representing wildfire severity, vegetation characteristics, and regional 
climate conditions within the perimeters of 1,090 fires from the FRAP 
database that burned in yellow pine/mixed-conifer forest in the Sierra 
Nevada, California between 1984 and 2017.
Results
We found that the remotely sensed relative burn ratio (RBR) metric of 
wildfire severity measured across a 48-day interval prior to the wildfire 
discovery date correlated best with ground-based composite burn 
index (CBI) measurements of severity (5-fold cross validation R2=¿ 
0.82; Fig. 4; Supp. Table 1). Our method to calculate remotely sensed 
severity using automated Landsat image fetching performs as well or 
better than most other reported methods that use hand-curation of 
Landsat imagery (see review in (89)). Further, several combinations of 
remotely sensed severity metrics, time windows, and interpolation 
methods validate well with the ground-based severity metrics, 
including those based on NDVI which is calculated using reflectance in 
shorter wavelengths than those typically used for measuring severity 
(Fig. 4). The top three configurations of our remotely sensed severity 
metric are depicted in Fig. 4.
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Fig. 4. Three top performing remotely-sensed severity metrics based 
on 5-fold cross validation (relative burn ratio, 48-day window, bicubic 
interpolation; relative delta normalized burn ratio, 32-day window, 
bilinear interpolation; and relative delta normalized difference 
vegetation index, 48-day window, bilinear interpolation) calculated 
using new automated image collation algorithms, calibrated to 208 
field measures of fire severity (composite burn index). See 
Supplemental Table 1 for performance of all tested models.
Based on these model comparisons, we used the relative burn ratio 
(RBR) calculated using a 48-day time window before the fire and 
bicubic interpolation as our metric of severity. We created the boolean 
response variable representing whether the sampled point burned at 
high-severity or not by determining whether the RBR exceeded 0.282, 
the threshold for high-severity derived using the non-linear relationship
in Eq. 1 (Fig. 4).
Neighborhood size effect
Tab. 1: Comparison of four models described in Eq.  using different 
neighborhood sizes for calculating forest structural variability 
(standard deviation of NDVI within the neighborhood), neighborhood 
mean NDVI, and topographic roughness. LOO is a measure of a 
model’s predictive accuracy (with lower values corresponding to more 
accurate prediction) and is calculated as -2 times the expected log 
pointwise predictive density (elpd) for a new dataset (86). ΔLOO is the 
difference between a model’s LOO and the lowest LOO in a set of 
models (i.e., the model with the best predictive accuracy). The 
Bayesian R2 is a ‘data-based estimate of the proportion of variance 
explained for new data’ (90). Note that Bayesian R2 values are 
conditional on the model so shouldn’t be compared across models, 
though they can be informative about a single model at a time.
Mo
del
Neighborhoo
d size for
variability
measure
LOO
(-
2*elp
d)
Δ LOO
to best
model
SE of Δ
LOO
LOO model
weight (%)
Bayesi
an R2
1 90m x 90m 4078
6
0 NA 100 0.299
2 150m x
150m
4084
2
56.03 14.69 0 0.298
3 210m x
210m
4088
3
96.87 20.94 0 0.297
4 270m x
270m
4091
2
125.9 24.73 0 0.297
The model with the best out-of-sample prediction accuracy assessed 
by leave-one-out cross validation was the model fit using the smallest 
neighborhood size for the variability of forest structure (standard 
deviation of neighborhood NDVI), the mean of neighborhood NDVI, and
the terrain roughness (standard deviation of elevation) (Tab. 1). Model 
weighting based on the LOO score suggests 100% of the model weight 
belongs to the model using the smallest neighborhood size window.
Effects of prefire vegetation density, 100-hour 
fuel moisture, potential annual heat load, and 
topographic roughness on wildfire severity
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Fig. 5. The main effects and 95% credible intervals of the covariates 
having the strongest relationships with the probability of high-severity 
fire. All depicted relationships derive from the model using the 90m x 
90m neighborhood size window for neighborhood standard deviation of
NDVI, neighborhood mean of NDVI, and topographic roughness, as this
was the best performing model of the four neighborhood sizes tested. 
The effect sizes of these covariates were similar for each neighborhood
size tested.
We report the results from fitting the model described in Eq. 2 using 
the smallest neighborhood size (90m x 90m) because this was the best
performing model (see above) and because the size and magnitude of 
estimated coefficients were similar across neighborhood sizes (Supp. 
Table 2).
We found that the strongest influence on the probability of a forested 
area burning at high-severity was the density of the vegetation, as 
measured by the prefire NDVI at that central pixel. A greater prefire 
NDVI led to a greater probability of high-severity fire (βprefirendvi=¿ 1.044; 
95% CI: [0.911, 1.174]); Fig. 5). There was a strong negative 
relationship between 100-hour fuel moisture and wildfire severity such 
that increasing 100-hour fuel moisture was associated with a reduction
in the probability of a high-severity wildfire (βfm100=¿ -0.569; 95% CI: [-
0.71, -0.423]) (Fig. 5). Potential annual heat load, which integrates 
aspect, slope, and latitude, also had a strong positive relationship with 
the probability of a high-severity fire. Areas that were located on 
southwest facing sloped terrain at lower latitudes had the highest 
potential annual heat load, and they were more likely to burn at high-
severity (βpahl=¿ 0.239; 95% CI: [0.208, 0.271]) Fig. 5). We found no 
effect of local topographic roughness on wildfire severity (
βtopographic roughness=¿ -0.01; 95% CI: [-0.042, 0.022]). We found a negative 
effect of the prefire neighborhood mean NDVI on the probability of a 
pixel burning at high-severity (βnbhd ¿=¿ -0.14; 95% CI: [-0.278, 0.002]). 
This is in contrast to the positive effect of the prefire NDVI of the pixel 
itself.
There was also a strong negative interaction between the 
neighborhood mean NDVI and the prefire NDVI of the central pixel (
βnbhd ¿∗prefireNDVI -0.573; 95% CI: [-0.62, -0.526]).
Effect of variability of vegetation structure on wildfire
severity
We found strong evidence for a negative effect of variability of 
vegetation structure on the probability of a high-severity wildfire (
βnbhd ¿=¿ -0.208; 95% CI: [-0.247, -0.17]); Fig. 5). We also found 
significant interactions between variability of vegetation structure and 
prefire NDVI βnbhd ¿∗prefireNDVI=¿ 0.125; 95% CI: [0.029, 0.218]) as well as 
between variability of vegetation structure and neighborhood mean 
NDVI (βnbhd¿∗nbhd¿=¿ -0.129; 95% CI: [-0.223, -0.034]).
Discussion
Broad-extent, fine-grain, spatially-explicit analyses of whole 
ecosystems are key to illuminating macroecological phenomena such 
as forest resilience (91). We used a powerful, cloud-based geographic 
information system and data repository, Google Earth Engine, as a 
‘macroscope’ (92) to study feedbacks between vegetation structure 
and wildfire disturbance in yellow pine/mixed-conifer forests of 
California’s Sierra Nevada mountain range. With this approach, we 
reveal and quantify general features of this forest system, and gain 
deeper insights into the mechanisms underlying its function.
High-severity wildfire in the context of 
ecological resilience
Wildfire severity can be considered a direct correlate of a forest’s 
resistance– the ease or difficulty with which a disturbance changes the 
system state (8, 93). The same fire behavior in two different forest 
systems (e.g., old-growth conifer versus young conifer plantation) may 
have very different abilities to change the forest’s state (23). A 
relevant state change for assessing ecosystem resistance is the loss of 
its characteristic native biota (94), which could be represented as 
overstory trees in a forested system. Resistance is a key component of 
resilience (8, 93) and, in this framework, one path to forest resilience is
via high resistance to wildfire, whereby some mechanism causes the 
forest to generally experience lower severity when a fire occurs. Here, 
we show clear evidence that structural heterogeneity fulfills this 
mechanistic resistance role in dry coniferous systems (Fig. 5). This 
does not imply that resistance to fire is the only (or even necessary) 
path to resilience. For instance, high-severity fire is characteristic of 
other forest systems such as lodgepole pine forests in Yellowstone 
National Park, and is not expected to hamper forest regeneration (95). 
Our inference that structural variability is a fundamental resilience 
mechanism in dry coniferous forests is strengthened by our ability to 
measure the negative feedback phenomenon at relevant 
spatiotemporal scales: we captured local-scale variability in structure 
and wildfire severity at broad spatial extents for an extensive set of 
nearly 1,000 fires across a 33-year time span.
Factors influencing the probability of high-
severity wildfire
We found that the strongest influence on the probability of high-
severity wildfire was prefire NDVI. Greater NDVI corresponds to high 
canopy cover and vegetation density (62) which translate directly to 
live fuel loads in the forest canopy and can increase high severity fire 
(66). Critically, overstory canopy cover and density also correlate with 
surface fuel loads (79, 80), which play a larger role in driving high 
severity fire compared to canopy fuel loads in these forests (81). Thus 
NDVI is likely a strong predictor of fire severity because it is correlated 
with both surface fuel loads and canopy live fuel density.
We found a strong positive effect of potential annual heat load as well 
as a strong negative effect of 100-hour fuel moisture, results which 
corroborates similar studies (66). Some work has shown that terrain 
ruggedness (96), and particularly coarser-scale terrain ruggedness 
(97), is an important predictor of wildfire severity, but we found no 
effect using our measure of terrain ruggedness.
Critically, we found a strong negative effect of forest structural 
variability on wildfire severity that was opposite in direction but similar 
in magnitude to the effect of potential annual heat load. Just as the 
positive effect of NDVI is likely driven by surface fuel loads, the 
negative effect of variability in NDVI (our measure of structural 
variability), is likely driven by discontinuity in surface fuel loads, which 
can reduce the probability of initiation and spread of tree-killing crown 
fires (40, 42, 98, 99).
Feedback between forest structural variability 
and wildfire severity
This system-wide inverse relationship between structural variability 
and wildfire severity closes a feedback that links past and future fire 
behavior via forest structure. Frequent, mixed-severity wildfire 
generates variable forest structure (38, 100, 101), which in turn, as we 
demonstrate, dampens the severity of future fire. In contrast, exclusion
of wildfire homogenizes forest structure and increases the probability 
that a fire, when it occurs, will produce large, contiguous patches of 
overstory mortality (24, 34). The proportion and spatial configuration 
of fire severity in fire-prone forests are key determinants of their long-
term persistence (24, 34). Lower-severity fire or scattered patches of 
higher-severity fire reduce the risk of conversion to a non-forest 
vegetation type (24, 102), while prospects for forest regeneration are 
bleak when high-severity patch sizes are much larger than the natural 
range of variation for the system (3, 24, 27, 32, 43, 103, 104). Thus, 
the forest-structure-mediated feedback between past and future fire 
severity underlies the resilience of the Sierra Nevada yellow 
pine/mixed-conifer system.
Neighborhood size
We found that the effect of a forest patch’s neighborhood 
characteristics on the probability of high-severity fire was strongest at 
the smallest neighborhood size that we tested, 90m x 90m. This 
suggests that the moderating effect of variability in vegetation 
structure on fire severity is a very local phenomenon. This corroborates
work by (105), who found that crown fires (with high tree killing 
potential) were almost always reduced to surface fires (with low tree 
killing potential) within 70m of entering an fuel reduction treatment 
area.
At a landscape level, forest treatments that reduce fuel loads and 
increase structural variability can be effective at reducing fire severity 
across broader spatial scales (43). This may reflect that severity 
patterns for a whole fire are an emergent property of very local 
interactions between forest structure and fire behavior. Some work 
suggests that the scale of these interactions may depend on even 
broader-scale effects of fire weather, with small-scale variability failing 
to influence fire behavior under extreme conditions (11, 106), though 
we did not detect such an interaction. The notion of emergent patterns
of severity arising from local effects of vegetation structure is 
supported by work on fuel reduction treatments, which suggests that 
fire behavior can be readily modified with forest structural changes to 
only 20% (when strategically located) to 60% (when randomly located)
of the landscape (42).
Correlation between covariates and 
interactions
Unexpectedly, we found a strong interaction between the prefire NDVI 
at a pixel and its neighborhood mean NDVI. These two variables are 
strongly correlated (Spearman’ s ρ=¿ 0.97), so the general effect of 
this interaction is to dampen the dominating effect of prefire NDVI. 
Thus, though the marginal effect of prefire NDVI on the probability of 
high-severity fire is still positive and large, its real-world effect might 
be more comparable to other modeled covariates when including the 
negative main effect of neighborhood mean NDVI, the negative 
interaction effect of prefire NDVI and neighborhood mean NDVI, and 
their tendency to covary (compare the real-world effect of vegetation 
density: βprefirendvi+βnbhd ¿+βnbhd ¿∗prefireNDVI=¿ 0.331, to the effect of 100-hour 
fuel moisture, which becomes the effect with the greatest magnitude:
βfm100=¿ -0.569).
In the few cases when prefire NDVI and the neighborhood mean NDVI 
contrast, there is an overall effect of increasing the probability of high-
severity fire. When prefire NDVI at the central pixel is high and the 
neighborhood NDVI is low (e.g., an isolated vegetation patch; 
Supplemental Fig. 2), the probability of high-severity fire is expected to
dramatically increase. When prefire NDVI at the central pixel is low and
the neighborhood NDVI is high (e.g., a hole in the center of an 
otherwise dense forest; Supplemental Fig. 2), the probability of high-
severity fire at that central pixel is still expected to be fairly high even 
though there is limited vegetation density (see Supplemental Fig. 2). In
these forest NDVI datasets, when these variables do decouple, they 
tend to do so in the “hole in the forest” case and lead to a greater 
probability of high-severity fire at the central pixel despite the lower 
vegetation density there. This can perhaps be explained if the 
consistently high vegetation density in a local neighborhood– itself 
more likely to burn at high-severity– exerts a contagious effect on the 
central pixel, raising its probability of burning at high-severity 
regardless of how much fuel might be there to burn.
A new approach to remotely sensing wildfire 
severity
We developed a new approach to calculating wildfire severity 
leveraging the cloud-based data catalog, the large parallel processing 
system, and the distribution of computation tasks in Google Earth 
Engine to enable rapid high-throughput analyses of earth observation 
data (58). Our programmatic assessment of wildfire severity across the
972 Sierra Nevada yellow pine/mixed-conifer fires in the FRAP 
perimeter database, which required fetching thousands of Landsat 
images and performing dozens of calculations across them, was 
automated and took less than an hour to complete. We found that the 
relative burn ratio (RBR) calculated using prefire Landsat images 
collected over a 48-day period prior to the fire and postfire Landsat 
images collected over a 48-day period one year after the prefire 
images validated the best with ground-based severity measurements 
(composite burn index; CBI). Further, we found that this method was 
robust to a wide range of severity metrics, time windows, and 
interpolation techniques.
Most efforts to calculate severity from satellite data rely on hand 
curation of a single prefire and a single postfire image (33, 67, 71–73, 
89, 107–109). Recently, (66) found that using a composite of several 
prefire images and several postfire images to detect fire impacts 
performed at least as well as using a single pre- and postfire image. 
Using composite images also facilitated automated image fetching. 
(66) used 3- to 4-month windows during pre-specified times of the year
(depending on the fire’s region) to collate pre- and postfire imagery 
one year before the fire and one year after. In contrast, we tested 
multiple time window lengths based on the fire start date regardless of
when it burned during the year. Basing our pre- and postfire image 
fetching on fixed lengths of time since the fire start date standardized 
the amount of time elapsed in each severity assessment. Our best 
remotely sensed severity configuration used a much shorter time 
window compared to (66) (48 days versus 3 to 4 months), which likely 
balanced an incorporation of enough imagery to be representative of 
the pre- and postfire vegetation conditions but not so many images 
that different phenological conditions across the time window added 
noise to each composite.
Many algorithms have been developed to detect fire effects on 
vegetation with remotely-sensed imagery in an attempt to better 
correspond to field data (33, 64, 67). We found that several other 
remotely sensed measures of severity, including one based on NDVI 
that is rarely deployed, validated nearly as well with ground-based 
data as the best configuration (RBR calculated using a 48-day time 
window). We echo the conclusion of (69) that the validation of 
differences between pre- and postfire NDVI to field measured severity 
data, which uses near infrared reflectance, is comparable to validation 
using more commonly used severity metrics (e.g., RdNBR and RBR) 
that rely on short wave infrared reflectance. One immediately 
operational implication of this is that the increasing availability of low-
cost small unhumanned aerial systems (sUAS a.k.a. drones) and near-
infrared-detecting imagers (e.g., those used for agriculture monitoring)
may be used to reliably measure wildfire severity at very high spatial 
resolutions.
Conclusions
While the severity of a wildfire in any given place is controlled by many
variables, we have presented strong evidence that, across large areas 
of forest, variable forest structure generally makes yellow pine/mixed-
conifer forest in the Sierra Nevada more resistant to this inevitable 
disturbance. It has been well-documented that frequent, low-severity 
wildfire maintains forest structural variability. Here, we demonstrate a 
system-wide reciprocal effect suggesting that greater local-scale 
variability of vegetation structure makes fire-prone, dry forests more 
resilient to wildfire and may increase the probability of their long-term 
persistence.
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